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Abstract: Soil moisture plays a crucial role in the hydrological cycle and climate system. The reliable
estimation of soil moisture in space and time is important to monitor and even predict hydrological
and meteorological disasters. Here we studied the spatiotemporal variations of soil moisture and
explored the effects of precipitation and temperature on soil moisture in different land cover types
within the Tarim River Basin from 2001 to 2015, based on high-spatial-resolution soil moisture data
downscaled from the European Space Agency’s (ESA) Climate Change Initiative (CCI) soil moisture
data. The results show that the spatial average soil moisture increased slightly from 2001 to 2015,
and the soil moisture variation in summer contributed most to regional soil moisture change. For the
land cover, the highest soil moisture occurred in the forest and the lowest value was found in bare
land, and soil moisture showed significant increasing trends in grassland and bare land during
2001~2015. Both partial correlation analysis and multiple linear regression analysis demonstrate that
in the study area precipitation had positive effects on soil moisture, while temperature had negative
effects, and precipitation made greater contributions to soil moisture variations than temperature.
The results of this study can be used for decision making for water management and allocation.
Keywords: soil moisture; remote sensing; land cover; precipitation; temperature
1. Introduction
Soil moisture is an important state variable of the terrestrial system and plays a critical role in
the hydrological cycle by controlling the partition of rainfall between land (infiltration, percolation,
and runoff) and the atmosphere (evaporation and plant transpiration) [1]. Soil moisture is also
recognized as an essential climate variable, which can affect how available solar energy is returned
to the atmosphere through partitioning the net radiation into sensible heat to heat air and latent
heat for evaporation [2,3]. Recent studies have shown the effects of soil moisture on the feedbacks
between land-surface and atmospheric processes that lead to climate irregularities [4,5]. In addition,
soil moisture plays a vital role in monitoring drought persistence and development, and provides a
base for drought indices, such as the Standardized Soil Moisture Index (SSI), Soil Moisture Percentile
(SMP) [6], soil moisture-based Drought Severity Index (DSI) [7] and Empirical Standardized Soil
Moisture Index (ESSMI) [8]. Hence, the reliable estimation of the spatial and temporal characteristics
of soil moisture is important to understand the land-atmosphere coupling and monitor drought.
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Soil moisture variation is influenced by multiple factors. Climate change is the main driving
force of soil moisture variation [9]. Precipitation is the main input of water balance and can
directly impact the soil moisture; temperature controls evapotranspiration and indirectly affects
soil moisture [10,11]. To some degree, soil moisture can be seen as the result of the balance of
precipitation and evaporation [12]. In addition to the effects of climate, land covers can affect
the soil characteristics and evapotranspiration and, subsequently, soil moisture variation [13,14].
Furthermore, different soil types can lead to heterogeneity of soil moisture due to different soil physical
characteristics. Soil moisture distribution depends on different combinations of climate, vegetation,
and soil types [15].
As stated above, many researchers have intensively studied the relationship between soil moisture
and meteorological variables, but to the best of our knowledge, few studied the relative importance of
one meteorological variable over others to soil moisture variation. Only Feng et al. [16] demonstrated
that temperature contributes more than precipitation to soil moisture variation in a humid basin.
Whether this conclusion generally applies (e.g., in an arid basin) is still unknown due to the complicated
soil moisture-climate interaction and feedback. Furthermore, relevant research about multi-factor
(e.g., precipitation, temperature, land cover and soil type) effects on soil moisture variation is still rare,
especially in arid areas. Hence it is necessary to conduct further research in arid areas.
Tarim River Bain is a typical arid basin with scarce water resources and a fragile ecosystem, and it
is sensitive to climate change [17,18]. In this basin, agriculture consumes over 90% water resources [19],
which make it difficult to manage scarce water resources for the stability of the ecological environment
and the sustainable development of agriculture. In recent years, the Tarim River Basin has experienced
drastic hydrological changes due to climate change and intensive human activities [20]. The research
on the spatiotemporal variation of soil moisture can provide a decision support for local water resource
management and drought monitoring under the climate change. In this research, we will explore
the effects of the climate factors (i.e., precipitation and temperature) and land cover type on soil
moisture variation within the Tarim River Basin, and aim to provide a better understanding on the
spatiotemporal variation of soil moisture. As soil types in the study area have relatively less variation,
and loam and sandy loam take up about 92% of the study area, we ignored the effect of soil type on
the soil moisture variation in this research.
The in situ observation data can reflect the temporal characteristics of soil moisture at the
point scale, but it can hardly be used for research in large spatial scale, especially area with high
spatial heterogeneity. Compared with field survey, microwave remote sensing provides a better
way to capture soil moisture at different spatial and temporal scales. Microwave techniques include
the passive and active microwave approaches. Passive microwave radiometers record naturally
emitted radiation, while active microwave sensors transmit electromagnetic waves and record the
backscattered radiation [21]. These two approaches (i.e., active and passive) offer different advantages
because of their instrument characteristics [22–24]. Active microwave remote sensing data have
higher spatial resolution than passive data, while passive data have higher temporal resolution than
active data [25,26]. In addition, active microwave is more sensitive to surface roughness, and passive
microwave is more sensitive to soil moisture [27,28]. The complementarity of active and passive
microwave products indicates that the combination of these two approaches can obtain better soil
moisture retrieval [29,30].
However, there are some limitations of microwave soil moisture retrieval in areas with dense
vegetation (e.g., tropical and boreal forests), as a thick canopy can obscure the soil surface [31].
Previous studies have shown that higher frequency band (e.g., X-band) can reflect from the upper
surfaces of the vegetation canopy, and intermediate frequency band (e.g., C-band) can reflect from
both the canopy and soil surface, while lower frequency band (e.g., L-band) can penetrate through the
canopy and reflect from the soil surface [32,33]. Therefore, L-band has been proved to be the optimal
remote sensing technology to estimate soil moisture at global scale [34,35]. However, L-band products
(e.g., SMOS and SMAP) provide available soil moisture data for a relatively short period (less than
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10 years), and cannot meet the demands of long time sequence analysis. For intermediate frequency
band, Brown et al. [36] demonstrated that C-band can penetrate the drier vegetation and reflect from
the soil surface. Recent studies also showed that intermediate band can provide accurate estimates
of soil moisture in sparsely to moderately vegetated areas [30,37]. Tarim River Basin is a typical arid
basin with a dry ecosystem, and most of the forests are desert riparian forests sparsely distributed near
the Tarim River. In our study area, it has been proved that the intermediate band (e.g., C-band) can
provide reliable estimates of soil moisture with a low random error [38,39].
ESA CCI soil moisture product (C-band observations), developed by European Space Agency’s
(ESA) Climate Change Initiative (CCI) project, is derived from multiple active and passive microwave
products and spans more than 30 years. However, the spatial resolution of ESA CCI soil moisture
data is 25 km, which is unmatched with the land cover data used in this study. Here we applied a
downscaling method proposed by Carlson et al. [40] to downscale the ESA CCI soil moisture data to a
high spatial resolution with additional surface vegetation, temperature, and albedo, and then use the
downscaled soil moisture data to do the analysis.
In this study, we will first downscale the ESA CCI soil moisture data from 25 km spatial
resolution to 1 km spatial resolution, and then try to answer three questions with regard to the soil
moisture-climate relationship at a monthly scale in different land covers: (1) what is the spatiotemporal
variation of soil moisture in the study area; (2) what is the difference of soil moisture variations
in different land cover types; and (3) which climate variable has greater effects on soil moisture in
this region.
2. Study Area and Datasets
2.1. Study Area
The Tarim River is the largest inland river in China, with a total length of 1312 km.
Currently, only the Yarkant River, Aksu River, and Hotan River have links with the main stream
of the Tarim River (Figure 1).The Tarim River Basin is located in the arid area of Northwest China,
where the Qinghai-Tibetan Plateau, Tianshan Mountains, Kunlun Mountains and Altun Mountains
act as barriers to prevent warm and moist air from penetrating into the study area [41]. The annual
precipitation is only 40~80 mm in the plain areas while as high as 250 mm in the mountains, and more
than 80% falls from May to October. The annual mean air temperature is 10.6~11.5 ◦C, and the monthly
mean temperature is between 20~30 ◦C in July and −10~−20 ◦C in January [17].
As the microwave remote sensing data suffer from severe data gaps in high altitude areas within
the Tarim River Basin [39], here we only consider soil moisture data in the low altitude areas with
elevations below 1500 m.
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2.2. Satellite Soil Moisture Data
Recently, a multi-decadal product of soil moisture combining multiple active and passive
microwave products has been developed by European Space Agency’s (ESA) Climate Change Initiative
(CCI) project [38,42]. The ESA CCI product contains an active data set, a passive data set and
a combined data set. In this study, the version v03.2 of ESA CCI soil moisture combined data
set, derived from three active (AMI-WS, MetOp-A ASCAT, MetOp-B ASCAT) and seven passive
(SMMR, SSM/I, TMI, WindSat, AMSR-E, AMSR2, SMOS) microwave sensors, was used to analyze the
soil moisture variations. This dataset spans the period 1978~2015, with a temporal resolution of 1 day
and a spatial resolution of 25 km, and it provides surface soil moisture information in volumetric units
(m3·m−3). The general accuracy of the ESA CCI soil moisture data have been extensively examined in
Africa [43], China [44], and the whole world [30].
Since satellite observation does not cover the whole study area every day, the ESA CCI data suffer
from many spatial gaps on the daily scale. Therefore, our analysis is based on monthly soil moisture
dataset averaged from ESA CCI daily data. To guarantee the accuracy of month average values,
the averaging conversion was only applied to pixels where valid data have a length of more than
15 days every month. Additionally, to exclude the impact of snow cover and low soil temperatures
on soil moisture retrieval, we focused our study on soil moisture during the warm season, that is,
spring (April and May), summer (June, July, and August) and autumn (September and October).
2.3. Meteorological Data
The gridded datasets (V2.0) of precipitation and air temperature developed by the China
Meteorological Data Sharing Service System were used in this study. The datasets cover the entirety of
China with a spatial resolution of 50 km, based on more than 2400 weather stations. The time period
spans from 1961 to the present, with a temporal resolution of one month. In our study, the datasets were
subsequently re-sampled to 1 km with bilinear interpolation method to match the spatial resolution of
the downscaled soil moisture data used in this study.
2.4. In Situ Observed Data
To validate the downscaled soil moisture data, we compared the downscaled soil moisture
data with the in situ soil moisture observation from Shache station (38◦71′ N, 77◦45′ E) for the
period 2001~2010. The data are obtained from National Meteorological Information Center of China
Meteorological Administration [39]. This observation is measured using the gravimetric technique on
the 8th, 18th and 28th day of each month at depths spanned 0~1 m during 1988~2010. As the remote
sensing can only estimate soil moisture at top 5 cm of the soil, here we select the top layer (0~10 cm)
for comparison.
Furthermore, the in situ precipitation and temperature data at Bachu station (39◦48′ N, 78◦34′ E),
Tieganlike station (40◦38′ N, 87◦42′ E), Hetian station (37◦08′ N, 79◦56′ E) and Qiemo station (38◦09′ N,
85◦33′ E) were used to validate the re-sampled 1 km meteorological data. The data are provided at a
monthly scale by the Chinese meteorological station network.
2.5. Auxiliary Data
The Land Cover Type product MCD12Q1 provided by Land Processes Distributed Active Archive
Center was used as an auxiliary data set to analyze the soil moisture variations [45]. MCD12Q1 dataset
provides a suite of land cover types with a global coverage and a spatial resolution of 500 m for
2001~2013. The primary classification system is defined by the International Geosphere Biosphere
Programme (IGBP), which contains 17 land cover types. In this study, land cover types were reclassified
into seven groups: (1) Forest, including evergreen needleleaf forest, evergreen broadleaf forest,
deciduous needleleaf forest, deciduous broadleaf forest and mixed forest; (2) Shrubland, including
closed shrubland and open shrubland; (3) Grassland, including woody savanna, savanna and grassland;
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(4) Cropland, including cropland and natural vegetation mosaic; (5) Water, including lakes, ice and
snow; (6) Construction land, referring to cities and other human activity areas; and (7) Bare land,
including barren and sparse vegetation coverage areas. In this study, the dataset was re-sampled to
1 km by applying the method of nearest neighbor.
Three products from the Moderate Resolution Imaging Spectroradiometer (MODIS) were used
to downscale the ESA CCI soil moisture data: (1) Normalized Different Vegetation Index (NDVI)
from MOD13A3; (2) Land Surface Temperature (LST) data from MOD11A2; (3) Albedo (A) data
from MCD43B3. All of these products are at 1 km spatial resolution and can be downloaded from
NASA’s Earth Observing System Data and Information System. LST and A are provided at a temporal
resolution of 8 days, and they were converted into monthly averages in this study.
3. Methods
3.1. Downscaling of Soil Moisture
The ESA CCI soil moisture data have a spatial resolution of 25 km and does not match the land
cover data used in this study. To achieve a high resolution, a downscaling method, proposed by Carlson
et al. [40] and improved by Chauhan et al. [46], was used to downscale ESA CCI monthly soil moisture
data from 25 km resolution to 1 km resolution, based on NDVI, LST and A. The relationship between
soil moisture (SM), NDVI, LST and A can be expressed as a polynomial, and Carlson et al. [40] proved
that normally the second or third order of a regression formula can provide a reasonable representation.
SM =
n
∑
i=0
n
∑
j=0
n
∑
k=0
aijk·NDVI∗(i)·LST∗(j)·A∗(k) (1)
By expanding Equation (1) to a third order polynomial formula, one obtains:
SM = a000 + a100NDVI∗ + a010LST∗ + a001A∗ + a200NDVI∗2 + a020LST∗2 + a002A∗2
+a110NAVI∗LST∗ + a101NDVI∗A∗ + a011LST∗A∗ + a300NDVI∗3
+a030LST∗3 + a003A∗3 + a210NDVI∗2LST∗ + a201NDVI∗2A∗
+a120NDVI∗LST∗2 + a021LST∗2A∗ + a102NDVI∗A∗2 + a012LST∗A∗2
+a111NDVI∗LST∗A∗
(2)
NDVI∗ = NDVI − NDVImin
NDVImax − NDVImin (3)
LST∗ = LST − LSTmin
LSTmax − LSTmin (4)
A∗ = A− Amin
Amax − Amin (5)
where aijk is the regression coefficient with dimensions i, j, and k; NDVI∗, LST∗ and A∗ are the
normalized versions; NDVI, LST and A are the original MODIS data, and the subscripts min and max
stand for minimum and maximum.
The method was performed on a monthly basis. For each month the pixels with valid values of SM,
NDVI, LST, and A were selected for downscaling. When applying the downscaling method, first the
NDVI∗, LST∗ and A∗ were averaged spatially to 25 km resolution, and then all the data with 25 km
resolution were inputted into Equation (2) to determine the regression coefficients, and finally, 1 km
NDVI∗, LST∗, A∗ and regression coefficients were used to estimate soil moisture at 1 km resolution
based on Equation (2).
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3.2. Trend Analysis
To analyze the trends in seasonal soil moisture, a linear regression relationship between soil
moisture and time is established to examine the pixel-wise linear trends. The regression equation can
be expressed as follows:
S =
n∑ni=1 iXi −∑ni=1 i∑ni=1 Xi
n∑ni=1 i2 − (∑ni=1 i)2
(6)
where S [-/year] is the trend of seasonal soil moisture, n is the number of years, and Xi is the seasonal
soil moisture at year i. A positive value of S means an increasing trend, while a negative value means
a decreasing trend. The significance of these changes was determined using T-test at a significant level
of 0.05.
3.3. Partial Correlation Analysis
Partial correlation analysis is normally used to study the degree of association between two
variables after eliminating the effects of other factors [47]. The partial correlation coefficient Rxy,z
between factors x and y without the effect from z is calculated as:
Rxy,z =
Rxy − RxzRyz√
(1− Rxz2) +
(
1− Ryz2
) (7)
where Rxy, Rxz and Ryz represent the correlation coefficients between x and y, x and z, and y and
z. We verified the statistical significance of the partial correlation coefficient with the T-test at a
significance level of 0.05. In this study, the partial correlation analysis is applied between soil moisture
and precipitation, air temperature, respectively.
3.4. Multiple Linear Regression Models
To analyze the sensitivity of soil moisture to temperature and precipitation, the multi regression
model is applied to each land cover type [48]. The regression formula can be written as follows:
SMi = a0 + a1·Pi + a2·Ti + a3SMi−1 (8)
where SMi is the spatially averaged soil moisture for a given land cover type in month i; Pi, Ti
and SMi−1 represent precipitation, temperature in month i and the soil moisture in month i − 1,
respectively; a0 is a constant term; and a1, a2 and a3 are the corresponding regression coefficients,
which can reflect the sensitivity of soil moisture to each factor by the sign and magnitude.
To make the variables of different dimensions comparable, all variables were normalized using
the following formula before conducting the regression analysis:
Xn =
X− Xmin
Xmax − Xmin (9)
where Xmin and Xmax are the minimum and maximum values of variable X.
4. Results
4.1. Land Cover Change in the Study Area
Figure 2 shows the spatial distributions of land cover in four selected years, and Figure 3 shows
the variations of land cover types from 2001 to 2013. In the study area, bare land makes up about 90%
of the area and dominates the spatial distribution. Forest, grassland, shrubland, and cropland have a
mosaic distribution in the marginal area and cover approximately 10% of the study area. Water and
construction only cover less than 0.5% of the study area. During the period 2001~2013, the area ratio of
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grassland and bare land decreased by 1.39% and 3.64%, respectively, while the area ratio of cropland
and shrubland increased by 2.61% and 2.42%, respectively. This observation implies that some of the
grassland and bare land were transformed into cropland and shrubland. Since the annual variation
of land cover type is small, we used the land cover type of 2013 for the year 2014 and 2015 in this
study. In addition, as the area of construction is small and had little effect on soil moisture, we only
considered forest, grassland, shrubland, cropland, and bare land.
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4.2. Spatial and Temporal Characteristics of Soil Moisture
4.2.1. Validation of Data
The ESA CCI soil moisture data were downscaled from 25 km to 1 km based on the approach in
Section 3.1, and then used to compare with in situ soil moisture data at Shache station. As in situ soil
moisture data are in weight units, while the downscaled ESA CCI data are in volumetric units, e only
compared their variations rather than magnitudes at a monthly scale. Figure 4 shows the monthly
variations of the in situ, raw ESA CCI and downscaled ESA CCI soil moisture data from 2001 to 2010.
Both the raw and downscaled ESA CCI soil moisture data can capture the main fluctuations of the
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in situ soil moisture. The correlation coefficient between monthly in situ and downscaled ESA CCI
soil moisture is about 0.6, which is slightly higher than that between in situ and raw ESA CCI soil
moisture (R = 0.58). In addition, the correlation coefficients between in situ and two sets of ESA CCI
soil moisture for different seasons were calculated to further verify the accuracy of the downscaled soil
moisture data. The correlation coefficients between in situ and raw ESA CCI soil moisture data are
0.64 for spring, 0.62 for summer, and 0.62 for autumn, while those between in situ and downscaled
ESA CCI soil moisture data are 0.63 for spring, 0.76 for summer, and 0.60 for autumn. Compared with
the raw ESA CCI data, the downscaled ESA CCI soil moisture data have a better performance in
summer. All results indicate that the downscaled soil moisture data show a reasonable accuracy in the
study area.
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Figure 4. The monthly variations of the in situ, raw ESA CCI and downscaled ESA CCI soil
moisture data.
The meteorological data used in this study were re-sampled from 50 km to 1 km using the bilinear
interpolati n metho . Figure 5 show the comparisons between the interpolated meteorological data
and the in situ obs rvatio data from four weather stations (i.e., Bachu, Tieganlike, Het in and Qiemo).
For precipitation, the R2 values are 0.946, 0.963, 0.92 and 0.967, respectively. For temperature, the R2
values are all more than 0.99 at these four stations. In terms of RMSE, the RMSE values for the
interpolated precipitation are 3.89 mm, 1.85 mm, 3.23 mm and 1.94 mm, respectively, at these four
weather stations. For temperature, the RMSE values are 0.61 ◦C, 0.34 ◦C, 0.95 ◦C, and 0.31 ◦C, respectively.
The results indicate a good agreement between the in situ and the interpolated meteorological data.
4.2.2. Spatial Patterns and Dynamics of Soil Moisture and Climate Factors
The spatial distr b tion of average soil moistu e in the warm season from 2001 to 2015 is shown
in Figure 6a. Obviously, high soil moisture concentrates in the northern part, while low soil moisture
is observed in the southern part of the study area, which follows the distributions of the oasis and
desert. In addition, the soil moisture is relatively high near rivers and varies in different river sections.
Soil moisture decreases from west to east along the Tarim River, with the minimum occurring in the
downstream, resembling the river flow direction. The variation of the spatial average soil moisture
in the warm season is shown in Figure 6b, where the soil moisture posed a slightly increasing trend
during 2001~2015, with a slope 0.082%/year. Th T-test shows that soil m isture var ation is significant
at a level of 0.05.
Figure 6c–f describes the spatial patterns and temporal variation of precipitation and temperature
in the study area. Spatially, precipitation exhibits an increasing pattern from the center to the periphery,
with more than 200 mm at the boundary and less than 50 mm in the center; temperature varies between
8 ◦C (marginal areas) and 23 ◦C (west and center of the study area) and basically follows altitude
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variations. Low values of temperature are observed in the marginal areas which are near the mountains
with higher altitude, while high temperatures are found in the areas with low altitude. In addition,
the changes in precipitation and temperature were not significant during 2001~2015.
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4.2.3. Trends in Seasonal Soil Moisture
Figure 7 shows the spatial distributions a istograms of mean seasonal soil moisture changes
during 2001~2015. For the warm seas re 7a,b), about 23% of the ar a exhibited significant
changes, of whic 99. % showed an increasing t ith rates mainly concen rated in 0~0.2%/year.
In spring (Figure 7c,d), the spatial mean soil moisture decreased at a rate of −0.011%/year during
2001~2015. Soil moisture showed a significant change in about 0.29% of the area. Of these, soil moisture
increased by 0.044~0.338%/year in about 37% of the area and decreased by −0.287~−0.038%/year in
about 63% of the area.
In summer (Figure 7e,f), an increase in spatial mean soil moisture by 0.138% a year occurred from
2001. About 90% of the study area showed significant change, of which 99.9% showed increasing
trends of 0.065~0.4%/year
In autumn (Figure 7g,h), spatial mean soil moisture increased by 0.069% a year. The area with
significant change is small, about 2.7% of the study area, and mainly distributed in the boundary area.
Of these, pixels with increasing trend of 0.1~0.4%/year accounted for 99.7%.
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In general, the increasing trend of soil moisture is predominant in the study area, and summer is
the most important season for the regional soil moisture change.
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4.2.4. Soil Moisture Variations in Different Land Cover Types
Figure 8 shows the dynamics of soil moisture, precipitation, and temperature in the warm
season during 2001~2015 over different land cover types. Spatially, soil moisture was highest in
the forest (14.67%), followed by cropland (13.36%), grassland (13.07%), and shrubland (12.48%),
and the lowest value occurred in the bare land (10.17%); the annual precipitation is highest in
grassland (79 mm), followed by cropland (75 mm), forest (64 mm), shrubland (60 mm) and bare
land (47 mm); the annual average temperature is lowest in the forest (19 ◦C) and highest in bare land
(21 ◦C). Temporally, the changes in precipitation and temperature are not significant in all land cover
types. The annual changes of soil moisture in different land cover types can be described as y = 0.078x
+ 14.04 (R2 = 0.24, p = 0.06) for forest, y = 0.096x + 12.30 (R2 = 0.33, p = 0.02) for grassland, y = 0.060x
+ 12.88 (R2 = 0.11, p = 0.22) for cropland, y = 0.064x + 11.97 (R2 = 0.20, p = 0.09) for shrubland,
and y = 0.068x + 9.62 (R2 = 0.27, p = 0.04) for bare land. Only for grassland and bare land, soil moisture
showed a significant increasing trend at a significant level of 0.05 by T-test.
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Figure 9 shows the monthly variations of soil moisture and meteorological factors in different
land cover types. Both precipitation and temperature exhibited an increase from April to July and then
a decrease to October, with the highest values in July. The monthly variations of soil moisture were
different in different land cover types. Soil moisture in the forest had no obvious change, revealing the
strong ability of soil moisture conservation. For grassland and shrubland, soil moisture increased
first and then decreased, with a maximum observed in September. For cropland, soil moisture in
April and May is higher than in June, which may be related to the spring irrigation. Soil moisture
variation in cropland was the combined results of climate and agricultural activities. In bare land,
soil moisture presented a continuous descending trend, which was attributed to low precipitation and
high evaporation. Higher temperature results in greater potential evaporation in bare land, and the
increase in precipitation is less than the evaporation, so the soil moisture continues to decline.
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4.3. Combined Effects of Temperature and Precipitation on Soil Moisture
Partial correlation analysis was adopted to analyze the respective contribution of temperature
and precipitation to soil moisture. The monthly data in each land cover type were used to calculate
the partial correlation. The results (Figure 10) obviously indicate that soil moisture had negative
correlations with temperature and positive correlations with precipitation. The absolute values of
correlation coefficients (R) for precipitation were higher than that for temperature in all land cover types,
which means soil moisture had stronger correlations with precipitation than temperature. Significant
correlations between soil moisture and temperature were only found in grassland (R = −0.19) and bare
land (R = −0.26). Soil moisture was significantly correlated with precipitation in grassland (R = 0.4),
shrubland (R = 0.38) and bare land (R = 0.37). For forest and cropland, soil moisture had weaker
correlations with temperature and precipitation, which indicates that soil moisture in these areas is
also affected by other factors, such as human activities.
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Figure 10. Partial correlation analysis between soil moisture and meteorological factors.
Table 1 shows the results of Multi-regression analysis, which corroborate the results of partial
correlation analysis. As indicated by their coefficients, the sign of the coefficients was positive for
precipitation and negative for temperature; the absolute values of the coefficients for precipitation were
greater than for temperature in all land cover types, meaning that soil moisture was more sensitive
to precipitation. The average soil moisture increases by 0.33% with every increase of precipitation,
while it decreases by 0.06% with every increase in temperature. The coefficients of SMi−1 reflect the
hysteretic effects of climate on soil moisture to a certain extent. Low absolute values of coefficients for
precipitation, temperature and in forest and cropland indicate that the soil moisture variations were
not sensitive to climate in these land cover types. In addition, R2 was low for forest and cropland,
which means that the precipitation and temperature cannot account for the major variation of soil
moisture. In the study area, most of the forests are the desert riparian forests distributed near the Tarim
River, and the main water supply is from the river, so climate factors may have little impact on the
soil moisture in the forest. For cropland, human activities may have more effects than climate factors.
In the study area, there are three main crops, cotton, corn and wheat, and they are all irrigated crops,
so the soil moisture variations in cropland are strongly influenced by irrigation.
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Table 1. The results of multiple linear regression analysis between soil moisture and climate factors.
Type R2 Constant
Pi Ti SMi−1
Coefficient p Coefficient p Coefficient p
Forest 0.055 0.429 0.150 0.100 −0.073 0.380 0.164 0.124
Grass 0.551 0.003 0.526 <0.0001 −0.036 0.631 0.692 <0.0001
Crop 0.143 0.273 0.190 0.064 −0.064 0.419 0.351 0.002
Shrub 0.489 0.019 0.474 <0.0001 −0.014 0.848 0.667 <0.0001
Bare land 0.425 0.277 0.316 <0.0001 −0.144 0.016 0.381 <0.0001
5. Discussion
There is an obvious regional difference in the spatial distribution of soil moisture. The northern
part of the study area, with high soil moisture, is influenced by precipitation and melting ice/snow
water from Tianshan Mountains [49], while the southern part with low soil moisture is a result of
extremely low precipitation. The spatial mean soil moisture shows a significant increasing trend
from 2001 to 2015, and in summer about 90% area shows a significant increasing trend. Li et al. [50]
demonstrated that the precipitation in northwest China showed a significantly increasing trend during
1960~2010 and the precipitation variation in summer contributed most to the yearly change. The soil
moisture variation may be related to the precipitation variation. In addition, comparing Figure 7e,g,
the areas with large soil moisture slope in summer stayed in autumn. Prior studies showed that
the memory of soil moisture is approximately 2 months [51], which can reasonably explain the soil
moisture variation in autumn.
For different land cover types, soil moisture is higher in areas with vegetation than in the bare land.
This is because vegetation can preserve soil moisture, especially in arid ecosystems [52]. The vegetation
patches can retain runoff and make it infiltrate into the soil. Besides, previous researchers demonstrated
that the infiltration rate is higher for soil in the forest than in cropland and grassland [53,54],
which gives a reasonable explanation that the forest area captures more soil moisture than other
lands. As respect to the variation of soil moisture, there is a relatively high rate of increase (about
0.096%/year) of soil moisture in grassland, which implies that soil moisture in grassland is more
sensitive to climate change. The forests in the study are desert riparian forests, and the water resource
is mainly from the Tarim River, so the soil moisture variation in the forest may be related to the runoff
of the river. 2007, 2008, and 2009 are three consecutive dry years for the Tarim River [55], which is
responding to the low soil moisture in the forest during this period (Figure 8). In 2010, a high summer
flood occurred in the Tarim River [55], and resulted in high soil moisture value in the forest.
Both the partial correlation analysis and the multiple linear regression analysis indicate that
precipitation plays a more important role than temperature in explaining the soil moisture variations
in the study area. In the arid area, the deficit of the soil moisture is mainly attributed to limit
precipitation, and even a small increase in the total precipitation has strong effects on soil moisture.
On the other hand, the contribution of temperature is lower. In temperature-soil moisture coupling
system, temperature indirectly affects soil moisture by influencing evapotranspiration, and soil
moisture can also affect evapotranspiration in soil moisture-limited regimes [56,57]. In the study
area, low soil moisture strongly constrains evapotranspiration variability, thus resulting in relatively
small effects of temperature on soil moisture.
6. Conclusions
This paper studied the spatiotemporal variations of soil moisture and its response to precipitation
and temperature in different land cover types in an arid area, based on high-spatial-resolution soil
moisture data derived from microwave remote sensing data. The conclusions can be drawn as follows:
(1) In the study area, the soil moisture showed a distinctive spatial pattern, with higher content
in the north than in the south, which was consistent with the distributions of the oasis and desert.
Temporally, the spatial mean soil moisture posed a slightly increasing trend during 2001~2015.
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(2) Trends analysis indicates that areas with the decreasing trends of soil moisture were trivial
and can be ignored, compared to those with significant increasing trends. The soil moisture variations
were related to the precipitation, and summer was the most important season for the regional soil
moisture change.
(3) Soil moisture was highest in the forest, followed by cropland, grassland, and shrubland, and it
was lowest in the bare land. During 2001~2015, soil moisture exhibited significant increasing trends
in grassland and bare land. Soil moisture variations were different in different land cover types,
indicating the effects of land cover on soil moisture.
(4) Statistical results reveal that precipitation had positive effects on soil moisture while
temperature had negative effects, and precipitation played a more important role than temperature
in soil moisture variations within the study area. In arid areas, the deficit of soil moisture is mainly
attributed to low precipitation, so even a small increase in precipitation could have strong effects on
soil moisture.
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